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Study and implement of support vector machine algorithm

FAN Yu mei, GUO Chun-jing
(School of Applied Science, University of Science and Technology Beijing, Beijing 100083, China)

Abstract: Support vector machine has become the current hot spots in data mining research. This paper re-
searches and analyzes three kinds of classification algorithms such as C— SVM v— SVM One- dass
SW and the two regression algorithm such as €&~ SVR v— SVR, the paper prove the efficiency of the a-
gorithms through actual data simulation; Advantages, disadvantages and respective applicaions of the five

kinds of algorithms are confirmed from the parameer selection, classification accuracy, and mean square

error and so on
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Tab. 1 The training and testing results for trainl and testl with C— SVM agorithm
(C,v)
(10,0.1) 2 633 1 328(82.7%) 25(1.56%) 79.514 3% 77.274 2% (23 921/30 956)
(100, 0. 1) 2 633 1 328(82.7%) 25(1.56%) 79.514 3% 77.274 2% (23 921/30 956)
(10,0.2) 2 908 1 574(98.0%) 24( 1.50%) 76.463 3% 75.946 5% (23 510/30 956)
(10,0.01) 3 542 683(42.6% ) 374(23.3%) 82.939% 83.263 3% (25 77530 956)
(2,0.2) 2 901 1 574(98.0%) 29(1.8%) 76.463 3% 75.946 5% (23 510/30 956)
2v- SVM trainl  testl
Tab. 2 The training and testing results for trainl and testl with v— SVWVM algorithm
(v, ¥)
(0.1,0.01) 6 437  657(40.934 5%)  49(3.053 0%) 79.950 2% 79.719 6% (24 67830 956)
(0.2,0.01) 4 830 669(41.495 3%) 152( 9. 470 4) 81.755 9% 80.494 9% (24 91830 956)
(0.3,0.01) 2 383  681((42.4299%) 346(21.557 6%) 82.814 4% 82.940 3% (25 67530 956)
(0.01,0.01) 2 340 578(36.012 5%) 0(0%) 78.953 9% 79.580 7% (24 63530 956)
(0.1,0.1) 2 323 1 325(82.554 5%) 23(1.4330%) 79.514 3% 77.274 2% (23 921/30 956)
(0.2,0.1) 2 382 1 331(82.928 3%) 40(2.4922%) 79. 638 9% 77.406 6% (23 962/30 956)
(0.01,0.1) 973 169( 10. 529 5%) 9(0.560 7% ) 57.036 1% 30. 042 6% (9 300/30 956)
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Tab. 3 The training and testing results for trainl and testl with one— class svm algorithm
(v, V)
(0.01,0.1) 1 260 939( 58.5%) 0(0%) 55.977 6% 75.946 5% (23 510/30 956)
(0.1,0.1) 1 655 949( 59. 1% ) 0(0%) 56. 164 4% 75.946 5% (23 510/30 956)
(0.9,0.1) 230 1 478(92. 1%) 1 420(88.5%) 72.602 7% 75.946 5% (23 510/30 956)
(0.01,0.01) 142 60(3.7%) 1(0.06%) 26.525 5% 75.365% (23 330/ 30 956)
(0.1,0.01) 250 182( 11.3%) 141(8.8%) 29.078 5% 75.468 4% (23 362/30 956)
(0.9,0.01) 165 1 447(90.2%) 1 444(90.0% ) 71.731% 75.946 5% (23 510/30 956)
(0.9,1) 3 960 1 596(99.4%) 0(0%) 74.782 1% 75.946 5% (23 510/30 956)
4 C- SWM train2  test2
Tab. 4 The training and testing results for train2 and test2 with C— svwm algorithm
(€. )
(200, 0.9) 5137 55(11%) 41(8.2%) 99. 6% 99. 171 3% (359/362)
(100, 0.9) 2 201 73(14.6%) 60(12%) 99. 4% 98. 895% ( 359 362)
(10,0.9) 487 165(33%) 154( 30.8%) 94. 4% 89. 502 8% (324/362)
(1,0.9) 180 215(43%) 208( 41.6%) 82.2% 79.005 5% (286¢/362)
(1,0.01) 178 329( 65.8%) 327( 65.4%) 68. 6% 64.917 1% (235 362)
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Tab. 5 The training and testing results for train2 and test2 with v— svm algorithm

(v, V)

(0.1,.0.9)
(0.1, 0.001)
(0.1,0.01)
(0.05,0.8)
(0.05,0.7)
(0.05,0.1)
(0.005,0.8)

1 771
23

991
1 231
147
162

61(12.2%)
51(10.2%)
66(13.2%)
38(7.6%)
42(8.4%)
64(12.8%)
38(7.6%)

41(8.2%) 99. 6%
49(9.8%) 50. 8%
66(13.2%) 58.4%
11(2.2%) 99. 4%
10 2.0%) 99. 4%
64( 12.8%) 38%

0(0% ) 93.4%

99. 171 3% (359/362)
48.066 3% (174/362)
46.685 1% (169/362)
99. 447 5% (36(/362)
99. 171 3% (359/362)
51.657 5% (187/362)
92.817 7% (336/362)

6 one— class svm

tain2  test2

Tab. 6 The training and testing results for train2 and test2 with one— class svn algorithm

(v, V)

(0.1,0.9)
(0.01,0.9)
(0.001,0.9)
(0.1,0.1)
(0.1,0.01)
(0.01,0. 000 1)
(0.001,0. 000 1)

73
87
22
53

54

53(3.30%)
10(0. 62% )
10(0. 62% )
52(3.23%)
52(3.23%)
5(0.31%)
1(0.06%)

45(2.80%) 38%
3(0.19%) 36.4%
0(0%) 36. 6%
49(3.05%) 36.4%
49(3.05%) 36.4%
5(0.31%) 57%
0(0%) 67.2%

44,475 1% (161/362)
39.502 8% ( 143/362)
39.502 8% ( 143/362)
43.646 4% (158/362)
45.027 6% (163/362)
56.906 1% (206/362)
60.497 2% (219/362)
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Tab. 7 The training results for traind with €~ SVR algorithm

(€, Y)

(1,0.5) 12 6( 4. 6%) 0.004 054 63 0.976 418
(10,0.5) 12 6(4.6%) 0.004 054 63 0.976 418
(100,0.5) 12 6(4.6%) 0.004 054 63 0.976 418
(100,0. 1) 13 3(2.3%) 0.003 384 47 0.975 456

(100, 0. 01) 16 3(2.3%) 0.003 142 38 0.962 77
(100, 0. 001) 20 5(3.8%) 0.003 210 96 0. 960 822
8 v- SWR traind
Tab. 8 The training results for traind with v— svr algorithm

(€. Y
(0.1,0.9 327 18( 13.5%) 0.001 433 52 0.978 447
(0.1,0.1) 59 13( 10.0%) 0.001 200 07 0.978 201

(0.1,0.01) 22 12(9.2%) 0.017 901 3 0.933 88
(0.3,0.1) 263 36(27.7%) 0.000 936 021 0.983 026
(0.5,0.1) 375 58(44.6%) 0.000 915 293 0.983 34
(0.01,0.1) 10 5(3.8%) 0.021 848 8 0.963 626
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Fig.1 The fitting results for doing five fold
cross validation experiment of the data set

v— sur R

[4] VAPNIK N. The nature of statistical learning theory[M]. New
Yoik: Springer— Verlag, 1995.

[5] REYZIN L, SCHAPIRE R E. How boosting the margin can
also boost dassifier complexity[ C]// ICMT? 06, the 23rd Int.
Conf., on Machine Leaning Pittsbuigh, Pennsylvania,
USA, 2006: 753- 760.

[6] PLATT J. Fast training of support vector machines using se-

a)

quential minimal optimization [ C]//in Advances in Kernel
Methods — - Support Vector Learning, B. Schoelkopf, C.
Buiges, and A. Smola Eds. , 1999: 185- 208.

[7] VAPNIK V. Statistical learning theory[ M| . New York: John
Wiley&Sons, 1998.

[8] COITES C, VAPNIK V N . Support vector networks[ M ] .
M ach Learn, 1995.

[9] YU H, YANG J, HAN J. Classifying large data sets using
SVMs wih hierarchical clusters| C]//in pwoc. of the ACM
SIGKDD Int. Conf. on KDD, 2003: 306— 315.

( )



